ABSTRACT: This paper presents an LLE-ELM recognition model, which can identify upper limb motions with EMG signal acquisition system. In this study, the recognizing target set is established by the different angles of the two joint motions, surface electromyogram (sEMG) of shoulder and elbow actions are used as information sources, and the time-domain feature of the sEMG is formed to the characteristic vector space. LLE is used to reduce the difficulty of data calculation, and ELM is used to improve the speed and accuracy of motion recognition. Result shows that the validity of the LLE-ELM mixed model to identify the joint range of motions is verified.
INTRODUCTION
The incidence, mortality and disability rates of stroke are increased year by year. It is one of the most effective means to carry out appropriate rehabilitation training for the recovery of limb function by using rehabilitation equipment. Now, it is widely concerned by domestic and foreign researchers that rehabilitation equipment can assess the recovery state by using human motion recognition and tracking technology, especially the acquisition of bioelectric technology, such as Surface Electromyogram (sEMG) [1] . The characteristics of sEMG signal involve easy collection, safe and non-invasive and etc. It can be used to detect and analyze physical state and assess the real time state of the muscle and guide the rehabilitation training of the affected limb. It is more suitable for the application on rehabilitation medicine.
The functional structure on human upper limb is more flexible than on lower limb, and the daily activities are more complicated. From the human kinematics point of view, upper limb functional activity is composed of some simple movements. Therefore, the recognition of a single motion can rate the functional status on upper limb. Some international rating scales evaluate disability degree for upper limb according to the finished state of some movements, such as activity of daily living scale (ADL) [2] , Fugl-meyer motor assessment (FMA) [3] and etc. However, most researchers used standard supervised machine learning algorithms and focused on estimating the forearm, wrist and hand [4] [5] [6] [7] . These approaches did not consider the shoulder and elbow joint angles that are not enough to cover rehabilitation training and assessment of the upper limb, and lack of relatively satisfied recognition accuracy and speed in sEMG signals. Therefore, it is necessary to find a feasible and effective method of state recognition, which is full of importance and value in assessments of joint activity.
In this study, the feature set is determined to be Mean Absolute Value (MAV), Zero Crossings (ZC), Variance (VAR), the fourth-order AR (the 4thAR) and Root Mean Square (RMS), there are in total 8 time domain characteristic values. The complexity of computation is increased with the higher number of feature dimensions that is not conducive to the accuracy of action recognition in the final classification model. The Locally Linear Embedding (LLE) algorithm is used to reduce the dimensions [8] , which can make the classification algorithm have better performance. Extreme Learning Machine (ELM) as an innovative, effective and fast training algorithm of generalized neural networks with single hidden layer is proposed, which has already achieved a lot of practical applications [9] [10] [11] in recent years. In this paper, an LLE-ELM mixed recognition model is developed by using Lab System Motion multi-channel EMG equipment that to collect sEMG signal from upper limb. The entire process of sEMG motion recognition is shown in figure 1 . 
MATERIALS AND METHODS

Experimental participants
To avoid the influence of gender and age on EMG signals, 4 male students (aged at 20 and 30 years) are selected as subjects who are in good health. To ensure the objectivity of the experimental data, all subjects are not to do any form of strenuous exercise before the experiment. (2) The subjects need to test the EMG signal of static state and maximum strength before the task, and two states are recorded for 5 seconds respectively. This process is used to eliminate individual differences. The normalization process is performed:
Experimental process
(3) Before the experiment, the start point (0°) and three angle points (shoulder abduction = 10°, 90°, 180° / elbow flexion = 10°, 90°, 150°) of the movement track are set on the wall with protractor. The demonstration picture is shown in figure 3 . Subjects' testing arm is asked to close to the wall and move the testing arm to familiarize themselves with tasks between start point and angle point for 20 minutes. To avoid the testing arm beyond or not reach the point, the limiting pole is fixed in each point. When the testing arm lightly touched a limiting pole and then returned to start point. Observer used the metronome to guide subjects to complete tasks. Each task is repeated for 5 times, and it ensure that each motion within 5 seconds. After subject finishes a task, they need take a break for 2 minutes to avoid muscle fatigue. The sampling frequency on each channel is set to 1000HZ, and EMG signal waveform is displayed on computer screen in real time.
Construction of target actions
The physical activity is a complex motion, which is composed of the simple action accordance with certain rules. In this paper, according to human physiology and rehabilitation medicine, target actions are obtained from the ADL. It is a preliminary study based on the decomposition of the daily activities, the more frequently used joint movements of the upper limb are chosen: shoulder abduction / elbow flexion. The details are as follows:
1. Shoulder abduction (10°/ 90°/ 180°): Keep standing posture, arms drop naturally and palm forward. Observer fixed the acromion of right arm, keep straight, and raise hand over your head along the coronal plane. When the active reaches a specified angle, return to initial state. [12] used MAV, ZC to recognize four forearm motions successfully. Wang et al. [13] had proven that time domain features were effective in recognition of postures by using VAR and the 4thAR and so on. In this paper, the feature set is determined to be MAV, VAR, the 4thAR, ZC, and RMS in this paper. Each joint motion would yield in total 60 (4×3×5) feature samples. The first 30 feature samples are used for training and the rest 30 are used for testing.
Feature reduction by LLE
Locally Linear Embedding (LLE) [8] is a nonlinear dimensionality reduction algorithm, which can keep distributed structure of the high-dimensional data in low dimension space, and also make similar data closer. Since too much vector dimensions will increase the complexity of the recognition algorithm, LLE is adopted to reduce the dimension of vector space in this study.
Motion recognition by LLE
Extreme learning machine is a new learning method of single-hidden layer feed forward neural networks (SLFNs) in recent years, which has a good generalization performance to improve the learning speed of the neural network. ELM can randomly initialize the input weighting and offset, and get the corresponding output weighting at a training speed reaching or even exceeding the BP (Backpropagation) algorithm. Network parameter in ELM has no use for iterative learning, so ELM algorithm is much better than a BP network in the network training speed. In addition, BP network can fall into the local minimum easily, and the ELM is the global minimum during the solving process. Support Vector Machine (SVM) has been wildly used for classification many years ago. It has also been proven that the solution space of SVM is the same as the subspace of ELM, so ELM has strong generalization ability and learning ability [14] . On the other hand, SVM needs to set more parameters, and the ELM only need to determine the number of hidden nodes L. The main principles of ELM can be described as follows:
Given arbitrary and distinct training samples (X i , Y i ) of N elements, where ), the mathematical expression of SLFN with L hidden layer neurons can be written as:  is the corresponding target vector, and the active function is g(x). Thus, for training the output weights  , which is given by calculating the least-square solution from the given equation group, it can be simplified as:
Where  H is the Moore-Penrose generalized inverse of matrix H. The solution is also the unique global optimal solution by using SLFNs. Meanwhile, the good general performance and fast training speed are its great advantage.
RESULT AND DISCUSSION
In this study, 60 samples on the shoulder abduction and 60 samples on the elbow flexion are collected. Three selected angles of motions as far as possible to cover the different level movements on the same joint. We take 30 samples for the training samples of ELM, other 30 for the testing samples. As mentioned in Section 2.4, the features set have 16 dimensions ((MAV + VAR+ the 4thAR+ZC+RMS) ×2 channels). The difference of the near dimension is subtle, so 6, 9,12,15,16 are selected as the number of feature reduction, as the activation function ReLU (f(x) = max (0, x)) with the number of the hidden layer node is 30.
The training accuracy and testing accuracy are combined into the total accuracy: (Accuracy = training number of correct prediction + testing number of correct prediction / 60). The LLE algorithm is a nonlinear dimension reduction approach, which is very effective to reduce the difficulty of data calculation, and can also be used for data visualization.
Here, the value of K is 5. Figure 4-5 show the data distribution of the joint range of shoulder and elbow motions that are projected into a threedimensional view. Through the LLE processing, different action points are distributed according to certain regularity. It can be find that LLE is very effective for classification tasks, which greatly improves the recognition accuracy. In table 1 , data dimensions of the highest recognition accuracy on the shoulder abduction and elbow flexion both are 15, and the average accuracy is 95% and 93.33% respectively. The average recognition rates both are over 85%. The results indicated that the hybrid recognition model is steady and doable. Figure 6 -7 show the classification results for 4 subjects' different upper limb movements on 15 dimensions after ELM model processing. Subject 3 has never experienced EMG signal measurement, his familiarity with the task is not very well that leads to the effect of motions are not good, while the other three subjects have been involved in similar EMG measurements. From the comparison of the four subjects can be predicted that there is more room for growth of the recognition rate after proper training.
CONCLUSIONS
In this paper, a prompt and effective LLE-ELM mixture model is proposed for identification of the angular range of two joints on upper limb, which is significance for rating on joint motion. The surface EMG signal of 4 muscles as the source of information and the more often used shoulder abduction / elbow flexion in the daily activities are chosen as target actions, feature vector space is established by combining MAV, ZC, VAR, the 4thAR and RMS feature value. The result shows that a high recognition accuracy of the joint range of shoulder and elbow motions on human upper limb has already been achieved by using this recognition method, this preliminary research provides theoretical basis for the rating of upper limb rehabilitation status. Due to the time and condition, the results have certain limitations. Further studies on recognition and rating for rehabilitation state of the upper limb that include shoulder, elbow and wrist are needed.
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